Abstract -This paper presents an automated image processing framework for facilitating the accurate detection of photoreceptor cells. The performance of the proposed method was evaluated in terms of cone density calculated on synthetic and high-resolution retinal images. The validation study on the synthetic data showed an average accuracy of 98.8% for the proposed method in comparison with 93.9% obtained by the Li and Roorda algorithm. The cone density calculated on the high-resolution retinal images demonstrated satisfactory agreement with the histological data as well as previously published data on photoreceptor packing density at a given location.
I. INTRODUCTION
The rapid progress in Adaptive Optics (AO) imaging, in the last decades, changed the entire approach underpinning the investigations of retinal tissues. Capable of imaging the retina in-vivo at cellular level, AO systems revealed new insights into retinal structures, function, and the origins of various retinal pathologies. Advances in image processing techniques contribute to a better observation of retinal microstructures and therefore more accurate detection of pathological conditions. Quantitative analysis of highresolution retinal images assists eye professionals in the diagnosis and follow-up of patients with degenerative retinal diseases. Based on the measurements of photoreceptor loss, it is possible to interpret retinal disorders and the associated visual deterioration [1] [2] [3] [4] . Therefore, it is of vital importance to develop automated diagnostic tools capable of detecting photoreceptor cells and thereby assisting the diagnosis of eye pathologies during the early stages of their development.
Initial attempts in automatic photoreceptor detection algorithms were made by Li and Roorda [5] and Xue and Choi [6] . In both methods, the photoreceptors cell location is identified as the regional maxima of the image. A manual input is required for such parameters as the intensity threshold and inter-cell spacing. This can adversely affect the inter-rater reliability of cone density calculations and thus objective judgment on the patient's diagnosis. Loquin et al. [7] implemented an interactive tool that allows physicians to adjust the parameters of the algorithm in order to achieve optimal cone detection. This approach as well as manual cone counting procedures [8] [9] [10] are generally impractical solutions in regular clinical examination where a large number of images needs to be processed.
In this paper, an automated framework is presented for processing AO high-resolution retinal images. The proposed image processing framework consists of several stages: illumination compensation, noise suppression, image registration, image enhancement and cone detection. Details regarding the formulation of the implemented model and the performed validation test-cases are discussed in Section II.
II. METHODS
Due to various photoelectric noise sources in AO imaging system, high-resolution retinal images undergo a degradation process, which results in low signal-to-noise ratio and poor contrast [11] . Moreover, the visibility of retinal features is altered by inhomogeneous illumination, caused by imperfections in the imaging optics. In order to improve visualization of retinal images and facilitate next steps of the image processing framework, wavelet-based illumination correction was performed on each frame of the retinal datasets [12] . A wavelet-Fourier filter [13] was used as modification to this model. It was applied to the reconstructed retinal images to eliminate block artefacts, and thereby to preserve the integrity of the retinal features.
In order to further increase the quality of high-resolution retinal images, thus allowing for better distinction of photoreceptor cells, noise suppression was performed on the retinal datasets. Since the scale of the retinal features is known, a Gaussian band-pass filter was chosen as the method to suppress the high frequency noise, above photoreceptor cone stop frequency, and enhance the image contrast, within the start-stop frequency [11] . Based on the scale of the retinal features, corresponding frequencies were calculated and used as a stop and the start-stop frequency of the band-pass filter.
In order to compensate for the eye motions inflicted between the frames during image acquisition, a transformation model was calculated for each pair of retinal frames using image registration. The translation vector was found using Phase-only correlation [14] which served as an initial estimate for the transformation model. Then, tracking of brightest cones was utilized in order to calculate the rotation parameter and correct for the residual displacement. The Procrustes algorithm [15] was employed to refine the transformation model. The final image was calculated by averaging the frames in order to compensate for the photon noise.
Human photoreceptor mosaic is characterized by a hexagonal pattern of organisation. Due to light scattering during image acquisition and optical limitations of the AO system, the observed retinal mosaic can be approximated by circular structures of different diameters. Based on this assumption, we employed the blob/dot enhancement method proposed in [16] . This method is based on multiscale analysis of the Hessian matrix. For circular structures, the enhancement filter λ dot is computed as follows: 
where λ 1 and λ 2 are the eigenvalues of the Hessian matrix.
In order to enhance objects of all scales and at the same time compensate for the residual noise, the original image is firstly filtered with the second-order derivatives of the Gaussian function. 
where
and N is a number of Gaussian kernels.
After applying the dot enhancement filter (Fig. 1b) , the contrast of photoreceptor cells was further improved by convolving the image with the a Laplacian of Gaussian (LoG) operator [17] . The filter has the shape of a circular center region with positive weights, surrounded by another circular region with negative weights. Therefore, applying this kernel over an image containing circular objects increases the contrast between the regions of interest (Fig.1c) . After this process, photoreceptor cells can be easily segmented by thresholding the image (Fig. 1e) . The cone coordinates are calculated as the maximum intensity of the original image within the region of interest. The photoreceptor cells located at the boundaries of the image are excluded from the counting procedure (Fig. 1f) .
The performance of the proposed Hessian-LoG filter for cone counting was initially validated on the synthetic data with predefined cell count. To this purpose, we employed the algorithm for artificial retinal image simulation as described in [18] . Following this approach, two sets of ten artificial retinal images were created, imitating the retina at 0.59 mm and 1.1 mm eccentricity. The obtained cone counts were also compared against those calculated with the use of the wellknown Li and Roorda algorithm. In order to validate the proposed image processing framework on the real retinal data, four datasets with highresolution retinal images were acquired with the commercial AO-assisted flood illumination system (rtx1, Imagine Eyes, Orsay, France). The obtained datasets were post-processed using the proposed image processing framework and the calculated cone packing densities were compared against available histological data [19] as well as results published by Song et al. [20] .
The results of the aforementioned validation test-cases are presented in the next section. Table I summarizes the averaged results for the tested sets of synthetic images, in terms of the packing density, obtained by the proposed cone counting method and the Li and Roorda algorithm. The density of human photoreceptor mosaic peaks in the fovea and declines rapidly as moving away from the fovea [21] . Therefore, in the images representing the section of retina further away from the fovea (set B), the cone contrast is generally better and thus the accuracy of cone identification is higher. An average accuracy of 99.4% was shown by the proposed method and 97.9% respectively by the Li and Roorda algorithm. In the images imitating retina closer to the fovea (set A), the photoreceptor cells are densely populated and the image sharpness is significantly poorer. This results in a lower detection rate in both cone counting methods: 98.1% for the proposed method and 89.8% for the Li and Roorda algorithm. Fig. 2 demonstrates the results of two cone counting methods in set A and B. For better visibility, the detected cone locations are overlaid on the image with disks, which is created as the initial step in the process of artificial retinal image simulation [18] . As it can be noticed from the images and Table I , the Li and Roorda algorithm gives a higher number of false positives and false negatives than the proposed method. This happens due to the use of the dilation operator which tends to merge closely located cones.
III. RESULTS
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B. Adaptive Optics Retinal Images
Four image datasets acquired at different retinal eccentricities at four meridians of the retina (Temporal, Nasal, Superior and Inferior) were post-processed with the proposed image processing framework. Fig. 3 illustrates the section of high-resolution retinal image before and after enhancement. As it can be seen from the images and calculated image metrics -sharpness [22] , contrast [23] and variance -the image quality has been significantly increased and the visibility of photoreceptor cells improved (Table II) . After processing four retinal datasets, cone packing density was calculated in the retinal area of 1 mm 2 on the resulting retinal images using the proposed Hessian-LoG filter. Fig. 4 shows an example of cone counting on two images acquired at 0.9 mm Temporal and Nasal eccentricities. The obtained results showed a satisfactory agreement with photoreceptor packing density at a given location published in [20] as well as the histological data of Curcio et al. [19] (Table III) . In this paper, we presented an automated image processing framework for cone density calculation in AO high-resolution retinal images. Following the stages of illumination compensation, noise suppression and image registration, the Hessian-LoG filter was employed in order to enhance the photoreceptor cells and facilitate their detection. Benefiting from both, geometric and intensity information, the proposed cone-counting approach appeared to be more accurate than the existing Li and Roorda algorithm. The validation tests performed on the synthetic data showed an average accuracy of 98.8% for the proposed method in comparison with 93.9% obtained by the Li and Roorda algorithm. Preliminary results on the real retinal datasets correlate well with the histological data and results available in the literature. A slight deviation in Nasal and Temporal directions can be explained by the presence of large blood vessels that obscure the detection of cones.
The results presented here provide a basis of a much broader research work for characterizing the density and spacing distribution of photoreceptor cells in-vivo. Quantitative analysis of the final images obtained with the proposed image processing framework can be used for comparison with data related to pathological retinas, as well as for understanding the effect of age and retinal pathology on cone packing density and other microstructures. Therefore, future work will include a thorough examination of the proposed model for different pathological cases. As a result, a refined model can be used to derive statistical correlations between spatial arrangement of cone mosaic and visual function of the eye.
